Introduction

21
Remotely sensed water level, e.g. from radar altimetry or unmanned aerial vehicle (UAV), is 22 increasingly used for surface water resource monitoring (Berry et al., 2005; Birkinshaw et al., 2010 ; 23 Crétaux et al., 2016) . The benefit of remotely sensed observations is that they are free and easy to 24 access, and have a universal coverage (Jiang et al., 2017b ). Therefore, we are able to monitor 25 surface water at large scale for regions poorly gauged or not easy to reach and further advance 26 water resource management and flood forecasting. 27
Because of the impacts of climate change and anthropogenic activities, water resource issues 28 in China are more challenging and have received much attention (Jiang, 2009; Liu and Yang, 2012 ; 29
Piao et al., 2010). Water storage, both surface-and subsurface water storage, have changed 30
significantly in recent decades (Qiu, 2010) . Construction of dams and reservoirs, groundwater 31 exploitation, water diversion projects, land use change, etc., all altered the distribution of surface 32 water storage and groundwater storage. The most dramatic example is that of groundwater over-33 exploitation in the North China Plain, which is considered the primary reason for groundwater 34 depletion (Shi et al., 2011) . Besides, lakes have been undergoing rapid change during the past 35 decades (Ma et al., 2010 ). China's two largest freshwater lakes, Poyang and Dongting for example, 36 are significantly altered in terms of the hydrological regime, and aquatic ecology by excessive 37 human activities (e.g. artificial channel diversion, landscape modification, dam construction, etc.) 38 (Lai et al., 2013; Yuan et al., 2015) . Meanwhile, climate change also greatly affects distribution of 39 water storage. For example, the Yangtze River shows a slight increase in annual runoff since 1960 40 while the Yellow River shows a persistent decline (Piao et al., 2010) . Terrestrial water storage 41 (TWS) plays a critical role in local and regional ecological systems and socio-economic 42 Guizhou Plateau (YGP) (1.14 ×10 6 km 2 ). 121
The radar altimeter onboard CryoSat-2 operates in three modes, i.e. low resolution mode 122 (LRM), synthetic aperture mode (SAR), and SAR interferometric mode (SARIn). While the LRM 123 is the same as a conventional pulse-limited radar altimeter, the SAR and SARIn utilize a 124
Delay/Doppler radar altimeter with finer along-track spatial resolution (Keith Raney, 1998) . 125
Cryosat-2 is designed to automatically switch to the three modes according to a geographic mode 126 mask, which divides the Earth's surface into different zones (European Space Agency and Mullar 127
Space Science Laboratory, 2012). China is partially covered by all of the three modes ( Considering the resolution and timeliness, we use the dataset from Global Surface Water Explorer 137 (https://global-surface-water.appspot.com/) (Pekel et al., 2016) to derive water body polygons. This 138 water dataset, produced from Landsat imagery, maps the spatial and temporal distribution of water 139 surfaces at the global scale over the past 32 years. Currently all of the mapped datasets are available 140 to download (i.e. occurrence, change, seasonality, recurrence, transitions, and maximum extent). In 141 our study, the water seasonality (2014-2015) dataset is used as input. The values from 1 to 12 stand 142 for the number of months that one pixel is covered by water. In this study, pixels with value 12 are 143 extracted. That means we use permanent water surface mask.8 2.3. CryoSat-2 data processing 145
Water level time series construction 146
The ESA level 1b data product is retracked by an empirical sub-waveform retracker, called 147 Narrow Primary Peak Threshold (NPPT) retracker (Jain et al., 2015) . It has proven to provide valid 148 water level and outperform the ESA L2 data (Jain et Step 1. Point data are first selected with water masks. 151
Step 2. The obvious outliers are removed by comparing water level (h) with SRTM elevation 152 (e) (Jarvis et al., 2008) , i.e. data points are discarded if |h -e| > 20 m. 153
Step 3. Water bodies with more than 5 crossings are retained. 154
Step 4. For each water body, the estimation of the along-track mean values and time series are 155 calculated using the "R" package "tsHydro", which is publicly available from Github 156 (https://github.com/cavios/tshydro). This package is based on a state-space model proposed 157
by Nielsen et al. (2015) , where the observation part follows a mixture between a Cauchy and 158 a Gaussian distribution. This considerably reduces the effect of outlying observations (Nielsen 159 et al., 2017) . 160
The data processing for rivers is different from that of lakes and reservoirs due to the river's 161 bendiness (sinuosity) which causes many crossovers per track at different reaches. The main 162 procedures are described below: 163
The first two steps are the same as above. 164
Step 3. For each crossing track, a simple clustering is applied by checking the distance between 165 two consecutive measurements. If the distance is larger than 1 km (the along-track distance 166 between two consecutive samples is ~ 300 m), we split this track into different parts to make 167 sure that the measurements of each cluster are from the same reach. 168
Step 4. For each cluster, a filtering is performed to get the mean value of each track: a 169 measurement is discarded if |h -μ| > 3σ (μ is mean value and σ is the along-track standard 170 deviation). 171
Step 5. The measurements (from step 4) are then interpolated to the closest in-situ station for 172 validation purpose based on the local average slope. 173
Space-time interpolation 174
The dense ground tracks allow to map river level variations in both time and space (chainage). 175
However, the initial point data are not easy to visually interpret and identify the spatio-temporal 176 variation of water level. In order to have better visual interpretation, gridded water level data (time 177 by chainage) are generated by interpolation as follows: 178
Step 1: A template grid (7 days by 10 km) is created for each year (2010 -2016) . 179
Step 2: Cubic interpolation at each grid point is performed for each year using water level from 180 step 4 in previous section, and then 7 gridded layers are obtained. 181
Step 3: For each grid point (6 -7 values during 2010 -2016), the median value (avoid the 182 extremely dry/wet year) is used to generate a space-time map. 183
Trend and amplitude estimation 184
In order to estimate trends for lakes and reservoirs, a weighted linear regression model is used. 185
Due to the seasonality of water level in most lakes and reservoirs, a linear-periodic model is fitted 186 for those having a time series length of more than 15 points. Following Villadsen et al (Villadsen 187 et al., 2015) , this model is defined as: 188 by multiplying by the scale factors at the grid scale to restore much of the energy removed by the 208 de-striping, Gaussian smoothing, and truncation to the land grids (Landerer and Swenson, 2012) . 209
As for the accuracy, the GRACE error estimates are based on measurement and leakage errors, and 210 the total error in TWS for a given grid can be calculated as: 211
where Err is the total error, EM and EL are measurement and leakage errors, respectively. Finally, 213
an ensemble mean solution is achieved by averaging the three solutions. 
Results
222
In this section, an overview of lakes and reservoirs is presented to show how much spatial 223 detail CryoSat-2 can deliver, followed by detailed analysis of the temporal variations of these water 224
bodies. Next, we show the CryoSat-2 derived water levels for 6 large Chinese river systems. Then, 225
we evaluate the accuracy and precision of CryoSat-2 over inland water. 226
Overview of monitored water bodies 227
In total, 1334 lakes and reservoirs (> 5 km Table 1 lists the number of water bodies having different number of passes. 230
Considering the estimates of linear trend and annual amplitude, only those having at least 10 passes 231 are considered in this study. Overall, TP and EP are the two zones with the most lakes, accounting 232 for 50% and 23% of the total number of water bodies, respectively (Table 2) . Meanwhile, lakes in 233 TP comparatively have more passes (avg. 25 passes per lake) due to their large sizes. 234 In zone TP, 56% of water bodies exhibit an upward trend and the rising rates of rising lakes 236 are far larger than the declining rates of declining lakes. At the national scale, surface water bodies 237
show a dominant increasing trend although some regions have an almost even split between rising 238 and declining lakes ( Table 2) . Out of the 1334 lakes and reservoirs surveyed by CryoSat-2, 288 239 lakes and reservoirs show a significant changing trend; of those, around 58% are located in region 240 Although water level changes vary zonally, several hotspots can be identified from the map of 243 changing rates (Fig. 2a) . Specifically, water bodies in Junggar Basin, Huai River Basin, and Jilin 244
TP. 241
Province show a dominant declining trend. In contrast, those in Songnen Plain and North TP, i.e. 245
Qiangtang Reserve, show a marked rising trend. Plain are larger than 5 m (Fig. 3) . This is mainly due to human regulation. In fact, reservoirs did 255 not show a very clear annual fluctuation pattern in recent years (Fig. 3) . 256
In many cases, annual fluctuations of larger lakes are lower compared to smaller ones. An 257 example is given in Fig. 3 from region TP. We can see that Zhari NamCo (1072 km 2 ) has a smaller 258 annual fluctuation compared to Aru Co (113 km 2 ) and Gyaring Lake (538 km 2 ). 
Surface water storage changes 263
The surface water storage change varies greatly from region to region as shown in Fig. 2b . 264
Region TP and IMX gained water storage while NPM lost water storage in the period 2010-2016. 265
Specifically, the estimated SWS changes in TP and IMX are 35.5 and 25.9 ×10 8 m 3 /yr, respectively 266 (Table 2) . It is obvious that in the northwest of IMX, i.e. the Junggar Basin and south of NPM, 267 SWS loss was dominant. EP and YGP exhibited slightly increasing SWS trends although some 268 lakes/reservoirs experienced declining trends. 269 Some lakes show very significant storage changes and play a dominant role in the regional 270 surface water storage variation. For instance, Hulun Lake, Poyang Lake, and many lakes in the 271
Tibetan Plateau have annual average storage increases exceeding 1 × 10 8 m 3 /yr (Table D1) . 272
Reservoirs have relatively smaller areas but larger storage capacity than lakes, thus play a 273 dominant role in seasonal SWS. However, at intra-annual scale, large reservoirs did not vary greatly 274 due to human intervention. For instance, Three Gorges reservoir did not show a significant 275 changing trend. 276
Water level of large rivers 277
We investigated 6 large rivers, i.e. the mainstream of the Yangtze River and its tributary -Han 278 River, the Yellow River, the Pearl River (the west part, i.e. West River), and the Heilongjiang-279
Amur River and its tributary -Songhua River. The following sections will present the water level 280 variation in detail. 4d). However, the data over some sections are sparse and annual mean level is over-/under-291 estimated due to the uneven seasonal data sampling. As shown in Fig. 4c , the heights of several 292 hotspots are presented along the chainage, such as those located around river km 1000. Despite all 293 these limitations, the interpolated water level profile still presents the general annual flow pattern 294 (Fig. 4d) . Nevertheless, from these graphs, much hydrological information (e.g. river level profile, 295 water level slope, flow regime) are provided by CryoSat-2. This indicates that CryoSat-2 can 296 potentially facilitate river modeling. 
The Yellow River 303
In contrast to the data of the Yangtze River, the data quality and derived river height profile 304 of the Yellow River are much less noisy, especially in the downstream portion, where the river 305 flows through a flat plain area. (Figs. 5a and 5b) . The river slope is quite consistent throughout the 306 map due to the small inter-annual variation (Fig. 5c) . However, for most of the cross sections, the 310 annual variation of water level is reasonable compared to that of the Yangtze River, and the pattern 311 is generally in agreement with in-situ data (Fig. 5d) . 312 
The Heilongjiang-Amur River 315
Data quality over this region is very good, especially for the Songhua River where many valid 316 measurements are obtained. From the profile of river level versus chainage (Fig. 6d) , we can see 317 that the slope of the Songhua River is just about 0.1‰ (0.1 m/km), similar to the Yellow River. 318
The river level profiles are very well presented at high spatial resolution (Fig. 6 ), which is not 319 possible using any of the previous altimetry missions. This is a unique capability of Cryosat-2 due 320 to its dense ground tracks. 
Evaluation of CryoSat-2 derived water level 333
Comparison with in-situ data 334
Because information on the reference system of the Chinese in-situ station network is not 335 publicly available, water level anomaly time series of both altimetry and in-situ data are computed. 336
Then the RMSE and coefficient of determination (R 2 ) are calculated. CryoSat-2 performs quite well 337 over the 3 lakes for which in-situ records are available, i.e. Zhari Namco (1070 km respectively. 340 Table 3 shows the performance of CryoSat-2 at different locations for 6 rivers. In general, the 341 performance of CryoSat-2 LRM is comparable over the Yellow River, Songhua River, and 342
Heilongjiang-Amur River with respect to the RMSE. This result is also comparable to that of SAR 343
in the Amazon River reported by Villadsen et al. (2016) . Moreover, the performance of LRM over 344 these rivers is clearly better than that for the Yangtze River and Pearl River although the last two 345 rivers are much wider than other Chinese rivers. This also explains the poor interpolation result of 346 the Yangtze River in previous section. 347 
Evaluation of precision 350
To evaluate the water level data quality, we have calculated the standard deviation (SD) of the (Table 4 ). We will discuss the possible reasons in Discussion. Moreover, the 359 SAR/SARIn modes do not outperform LRM significantly (Table 4) . 
Discussion
369
First, the performance of CryoSat-2 over inland water is discussed. Next, the comparison 370 between surface water storage and terrestrial water storage is discussed at a regional scale followed 371 by a discussion of water 'hotspot'. 372
Performance of CryoSat-2 over inland water 373
CryoSat-2 works pretty well over lakes in this study although the validation is conducted 374 against very few lakes with ground truth. The RMSE is generally around 20 cm and is smaller for 375 large lakes. This is in agreement with recent published result (Nielsen et al., 2017) . On the other 376 hand, the accuracy of river water level is good in terms of the RMSE in the order of 40 cm. While 377 as reported in section 3.4, the performance over the Yangtze River and Pearl River is relatively 378 poor. Performance is worse over the downstream of the Yangtze River compared to the upstream. 379
A possible reason for the poor performance is that waveforms are polluted by ships using the inland 380 transport waterway. Waveforms show several peaks probably returning from different scatterers on 381 the river (Fig. A1) . One evidence is that the performance over a branch (i.e. Han river) of the 382 Yangtze River is better even though river width is smaller (Table 4 ). This limitation suggests that 383 22 more specific retracking or ad hoc outlier filtering algorithm are required for altimetry data 384 processing over heavily navigated rivers. Moreover, the relief impacts the data quality greatly. This 385 is due to the closed-loop tracking problem (Biancamaria et The three solutions from different centers agree relatively well, especially in region YGP (Fig. 8f) . 391
Monthly TWS anomalies vary significantly among these five zones. IMX experienced a decreasing 392 trend although the fluctuation range is small (approx. 11 mm) compared to YGP (Figs. 8c and 8f) . Comparatively, TWS anomaly is the largest for YGP with a magnitude of 30 mm and shows a very 397 regular pattern (Fig. 8f) . NPM, and south of EP, respectively. Among these, the average anomaly of the first hotspot (i.e. 405 northern TP) is 37.6 mm and the increasing rate is 11.9 mm/yr. Moreover, the north of NPM and 406 the south of EP also have net accumulation in TWS, and the corresponding increasing rates are 6.9 407 and 10.9 mm/yr, respectively (see the map of TWS change in Fig. C1) . 408
On a regional scale, the contributions of SWS to TWS are relatively small for IMX and EP, 409 although in the latter 204 lakes and reservoirs are investigated. It indicates that the changes of water 410 bodies are very inhomogeneous, and cancel each other out to produce negligible net effect (Fig. 9a  411 and Table 2 ). Moreover, the change rates of SWS and TWS in all zones except YGP are opposite. 412
Especially in TP, the SWS increment effectively mitigates total storage loss. 413
On the other hand, SWS changes agree well with TWS changes in northwest and central IMX, 414 and regions around the Bohai Bay Rim, where both are decreasing (Fig. 9b) 
421
As an important part of SWS, reservoir storage change has a marked impact on TWS change 422 at national scale (Fig. 10) 
Hotspots showing significant surface water dynamics 430
As mentioned before, water storage is rapidly changing in some hotspots in China (Fig. 11) . 431
We will discuss the variations in SWS and TWS for eight hotspot regions below. 
434
Qaidam Basin: Although the lakes in Qaidam Basin do not show uniform rising (Fig. 11a) , 435 nine of the 12 large lakes (> 100 km 2 ) are expanded. Therefore, the net SWS change is positive. 436
However, the TWS change is very small during 2010-2016 (Figs. 11a and 12a) ; that is, other storage 437 components (e.g. soil moisture storage, groundwater storage, snow, and ice, etc.) are decreasing at 438 the similar rate as lake storage increasing. Thus, the SWS contribution is nearly 50% of TWS 439 change. This is different from previous study where the contribution from lakes is estimated as 1.1% 440 (Fig. 12d) . 443
Contrary to TWS, SWS do not show a significant difference between these two periods (35.5 vs 444
×10
8 m 3 /yr). It is interesting that TWS has been decreasing over the recent six years while 445 SWS has been increasing (Fig. 12d) . This may be due to acceleration of glaciers/snowpack melting 446 or groundwater storage change. According to Xiang et al (2016) of TWS is a bit smaller than SWS (Fig. 13) . The case is the same as that in Qaidam Basin where 457 SWS was increasing while TWS was decreasing slightly (Fig. 13) . 458
Inner TP, Qaidam Basin, and SRYR all show that SWS is increasing but TWS is not increasing 459 as much as SWS or even decreasing. It appears that groundwater storage in these areas is decreasing. (Figs. 11b, 11e and 12b, 12e) , and in the recent six years, the declining rates are 465 -11.8 ± 2.4 and -20.0 ± 3.5 mm/yr, respectively. However, for the former, SWS is decreasing 466 although the contribution is very small due to limited number of lakes in this region (Fig. 12) ; thus 467 TWS change is dominated by groundwater variation considering the very dry climate. This decrease 468 is mainly caused by excessive extraction for piedmont agriculture . Similarly, in 469
North China Plain, SWS changes affect TWS variation very slightly, and the TWS change is mainly 470 attributed to the groundwater over-exploitation (Shi et al., 2011) . 471 TWS in Songhua River Basin has experienced several abrupt changes which are plausibly 472 related to extreme precipitation events and droughts. In this region, although lakes exhibit slight 473 increasing trends (Fig. 11c) , SWS is declining owing to the decline of large reservoirs (Fig. B1) . 474
The declining rate of reservoir storage (-1.4 ×10 8 m 3 /yr) is almost the same as SWS estimated from 475
CryoSat-2, which indicates that SWS change is dominated by reservoir storage. Water storage 476 depends directly on precipitation in this region. This is justified by the fact that TWS change has 477 very similar pattern to precipitation and total water resource given in the water resources Bulletin 478 (http://www.slwr.gov.cn/) (Fig. B1) . TWS from GRACE and total water resource from Bulletin 479 both show a sharp peak in 2013, which is caused by the extreme precipitation in the summer of 480 2013. This is verified by Wang et al. (2015) who found a considerable increase in groundwater 481 tables after the flood event. One interesting finding is that GRACE disagrees with the total water 482 resource Bulletin record and precipitation for 2004 (Fig. B1) . 483
In the south China, Xijiang Basin, main part of Pearl River (c.a. 78%) shows a slight increase 484 in TWS, especially during 2010-2016 at a rate of 8.6 mm/yr (Fig. 12g) . The estimated SWS 485 changes contribute to the increasing trend. On the contrary, Hubei Province, exhibits TWS decrease 486 and SWS increase (Fig. 13) . Due to human activities, lakes in Hubei have sharply decreased both 487 in area and size during the past century (Zhang et al., 2009 
Summary and Conclusions
494
In this study, the value of CryoSat-2 for monitoring surface water at a national scale for China 495 is exploited. We 
basin. 515
CryoSat-2 has great value for monitoring surface water bodies. It outperforms previous radar 516 altimetry missions in terms of spatial coverage and resolution (SAR and SARIn modes). Besides, 517 the performance of LRM is comparable to SAR and SARIn modes in terms of RMSE against in-518 situ data. However, new method is required to derive valid water levels for heavily navigated rivers 519 such as the Yangtze and Pearl Rivers in China. 
